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In reproductive and perinatal epidemiological studies, measurement of child health outcomes that 
can only be ascertained in live born children may be incomplete since only 60 – 70% of fertilized 
eggs result in live births and early pregnancy loss is often undetected. Studies assessing outcomes 
among live born children are subject to live birth bias, a phenomenon previously proposed as a 
form of collider-bias in which conditioning on live-birth status induces a non-causal association 
between exposure and outcome. In this study, we expanded a previously proposed common 
structure of this bias to evaluate its impact on the estimation of time-specific prenatal exposure 
effects on child health outcome, using causal diagrams. We used Monte Carlo simulation 
techniques to investigate two scenarios in which prenatal exposures led to pregnancy loss. Our 
findings confirmed previous simulation findings showing biased estimates of prenatal exposure 
effects on child outcome risk, assuming a true null association between each exposure and the 
outcome and using trimesters to characterize the exposure timing. We observed larger bias sizes 
when the effect size of the exposure-fetal survival relations increased and/or when other 
unmeasured and uncontrolled risk factors had stronger effect on both fetal survival and the 
outcome. Our study underlines the needs for the development of analytic methods that adjust for 
live birth bias in scenarios accounting for time-specific exposure effects and time-specific 
selections.  
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Cohort studies examining the effect of pregnancy exposures on child health outcomes are 
susceptible to live birth bias, a type of selection bias common in perinatal epidemiology.1 A host 
of factors, including those that are genetic, hormonal, immunological, environmental, and 
lifestyle-related, can lead to early pregnancy loss, spontaneous abortions, and miscarriages, leading 
to only an estimate of about less than 60-70% of all conceptions surviving to birth.1,2,3,4 The lost 
fetuses are not accounted for in risk estimation when studies restrict samples to only live births, 
thus resulting in biased estimates of exposure effects on outcomes of interest.1,5 When studying 
long-term health outcomes that can only be ascertained after birth  and during childhood, only live 
born infants are qualified candidates to be in the at-risk population for these disease outcomes, 
making the restriction of study subjects to only live born children inevitable.1 
Several quantitative bias analyses using simulations have investigated biased estimates due 
to live birth bias, including one study assessing the effect of prescriptive drug use during pregnancy 
on preeclampsia6, one assessing the effect of maternal smoking on preeclampsia at delivery,7 and 
another assessing the impact of prenatal exposure to perfluoroalkyl substances (PFAS) effect on 
neurodevelopmental outcome such as attention-deficit/hypersensitivity disorder (ADHD) in young 
children.1 Pregnancy cohort studies face numerous challenges in obtaining accurate numbers of 
pregnancy losses especially in early gestations, and that maternal and child health outcomes of 
interests might only be ascertainable among live births.8 Simulation studies, therefore, provide an 
opportunity to study the structure and magnitude of live birth bias. 
Pregnancy loss at different time periods during pregnancy have been studied and 
documented. The incidence of fetal loss after implantation and before clinical detection was 
 2 
estimated to range from 20-30% by studies using biomarkers such as urinary concentrations of 
human chorionic gonadotropin to detect pregnancy loss.9,10 Fetal loss rate decreases with 
increasing gestational age; most pregnancy losses occur before week 12 (about 80% of all 
pregnancy loss cases occur within the first trimester) and drops substantially afterwards.9,11,12 
Certain environmental and lifestyle risk factors can impact fertility and fetal survival at certain 
critical windows of susceptibility. For instance, smoking has been found to affect chances to 
conceive as well as miscarriage, stillbirth, and infant mortality during the first 12 months of 
life.13,14 Bisphenol A (BPA) and phthalates have also been associated with the highest rate of 
miscarriage detected at or before week 20 or 22.15,16,17,18 While these “critical risk windows” are 
estimates and not definite, studies looking at the differential effects of prenatal exposures on child 
outcome at different times in pregnancy often use trimesters to define these time windows.   
While existing studies have quantified live birth bias for the association of overall or 
average exposure throughout during pregnancy and child health, no study has yet evaluated the 
timing-specific nature of exposures and selection bias due to pregnancy loss throughout gestations. 
In this study, we built on the previously proposed structure of the live birth bias by accounting for 
timing specific exposures, using directed acyclic graphs (DAGs) to illustrate two scenarios in 
which conditioning on live births can bias the estimation of pregnancy timing exposure effects on 
the outcome, especially when the exposures at each time could affect fetal survival or pregnancy 
loss but do not causally affect the outcome.1 We hypothesized that time-specific exposure effects 
on child health outcome will be influenced by live birth bias when exposures affect pregnancy loss 
and analyses are restricted to live births only. The direction and magnitude of such bias would 
depend on the structure of the bias, including whether the exposures vary across the pregnancy 
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period and how strongly the exposures affect fetal survival or pregnancy loss at each timing in the 








Directed acyclic graph 
A DAG is a graphical model with pathways representing the relations between variables 
of interest, consisting of nodes (variables) connected by one-directional arrows with directed edges 
in a way that creates no closed loop paths.19 A causal path is a directed path going along the arrows, 
leading to direct and indirect effect between an exposure and outcome of interest. A backdoor path, 
on the other hand, illustrates a classic example of confounding bias in which a third variable, a 
confounder, causes the exposure and outcome. Controlling for this third variable closes the 
backdoor path, removing the bias (Figure S1, Supplemental). A DAG representing collider bias, 
another major source of bias in epidemiology, includes arrows pointing towards a single variable, 
a collider, from other variables. Conditioning on a collider will open the otherwise closed collider 
path, inducing a non-causal association between the exposure and outcome (Figure S1, 
Supplemental). Current literature has shown that survivor bias, loss to follow-up, and non-response 
bias are forms of collider bias.20,21   
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Structure of live birth bias 
Live birth bias has been illustrated using DAG as an example of collider bias or competing 
risk bias common in epidemiologic studies, particularly perinatal studies examining the effects of 
prenatal exposures to environmental influences on long-term health neurodevelopmental outcomes 
in the offspring (Figure 1).1 These outcome can only be ascertained among live-born children, 
under the assumption of no loss to follow up between birth and the time of exposure measurement. 
If the exposure contributes to pregnancy loss in the presence of other uncontrolled common causes 
of fetal loss and the outcome, restricting the source population to or conditioning on live births 














Figure 1. Basic structure of live birth bias in pregnancy cohort studies looking at prenatal exposure 
to environmental factors on birth outcomes and long-term health outcomes in children proposed.1 
Conditioning on live born fetuses will open a collider path from environmental exposure to 
outcome via unmeasured unknown common causes of fetal survival and the outcome.  
 
Given the complex etiology of early pregnancy loss and miscarriage, those who were 
exposed to the risk factor of interest but survived might be less likely to have other harmful factors. 
Among the surviving population, the exposed subjects have lower prevalence of other factors that 
affect fetal survival, and if these factors are also risk factors for the outcome, we might find a 
spurious association suggesting a lower risk for outcome among the exposed.  
Environmental 
exposure 
Factors that cause both fetal 
death and the outcome 
Long term 
outcome 
[Live birth = 1] 
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Consideration of exposure timings in pregnancy 
Pregnancy trimesters are commonly used as a proxy of time to characterize milestone 
events of fetal development and measure prenatal exposures, fetal growth events, and fetal loss 
events for clinical and research purposes. Reproductive and perinatal epidemiological studies often 
report pregnancy-trimester effects for the exposure and the maternal and child health outcomes of 
interest. Trimester specific clinical guidelines have been developed to help detect early signs of 
adverse infant outcomes or prevent adverse maternal outcomes; for instance, guidelines and 
recommendations for aspirin use to prevent preeclampsia have focused on second and third 
trimesters.22 Nevertheless, trimesters are merely proxy measures as these risk windows may differ 
by the intensity and mechanism of specific exposures and outcomes.23 We used trimesters in this 
study to conceptualize exposure time windows while assuming that these timings could be applied 
to any three time points during pregnancy.  
 
Simulation scenarios 
We used DAGs to illustrate the structural relations of trimester specific exposures (main 
independent variables), fetal survival at each trimester, child outcome (main dependent variable), 
and unmeasured or unknown common causes of fetal loss and the outcome (Figures 2 – 3). Our 
simulations assessed the impact of live birth bias induced by conditioning on selection (fetal 
survival or chance of pregnancy loss) at first trimester (S1=1), second trimester (S2=1), and third 
trimester (S3=1) to estimate the effects first trimester exposure (E1), second trimester exposure 
(E2), and third trimester exposure (E3) on a disease risk in the offspring in childhood (D). Fetal 
survival at each trimester was assumed to be affected by each trimester-specific exposure and a set 
of unmeasured or unknown time-invariant risk factors (U) over the course of pregnancy, including 
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genetic predisposition or any pre-existing maternal condition. Two scenarios were created from 
the basic structure presented in Figure 1, assuming that each of the trimester exposure variables 
(E1 – E3) are independent or dependent, that their causal effects on fetal survival at each trimester 
is short term, and that none of them caused the outcome. Our simulation reflected the reality where 
fetuses surviving at a later trimester must have survived through the preceding trimester(s), hence 
conditioning on S3=1would inevitably condition on S1=1 and S2=1. 
In Scenario 1 (Figure 2), we assumed pregnancy trimester-specific exposures are 
marginally independent and encompassing factors that occur only once in pregnancy but may have 
considerable impact on fetal survival. Examples of these type of exposures include infection to a 
certain agent (e.g. chlamydial infection), sudden major injuries, or sudden stressful life events (e.g. 
death of relatives).24,25,26 
 
Figure 2. A directed acyclic graph (DAG) that illustrates the bias structure in scenario 1. The 
trimester-specific exposures (E1 to E3) are marginally independent. Each trimester-specific 
exposure variable (E1 to E3) affects the selection node at a relevant time (S1 to S3). 
Conditioning on these selection nodes induce open collider paths from the exposures to the 
outcome via a set of unmeasured or unknown risk factors (U) of the outcome that also affect 
selections. 
 
In Scenario 2 (Figure 3), we assumed marginal dependence between the exposures such 
that prior exposures affect the subsequent exposures later in pregnancy. Exposures with 
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moderate to strong correlations may include persistent maternal factors or lifestyle habits (e.g. 
smoking or caffeine intake) or persistent environmental chemicals that have a long biological 
half-life (e.g. PFAS).27,28  
 
Figure 3. A directed acyclic graph (DAG) that illustrates the bias structure in scenario 2. The 
trimester-specific exposure (E1 to E3) are marginally dependent. Each trimester-specific 
exposure variable affects the selection node at the relevant time (S1 to S3). Conditioning on 
these selection nodes induce open collider paths from the exposures to the outcome via a set of 
unmeasured or unknown risk factors (U) of the outcome that also affect selections.  
 
Simulations and statistical analysis 
We conducted all analyses in SAS 9.4 (SAS Institute, Cary, NC, USA), using Monte Carlo 
techniques to perform simulations on a hypothetical cohort of 100,000 conceptions, a size that 
resembles that of the Danish National Birth Cohort (DNBC).1,29 Of the total numbers of 
conceptions, 85% survived at the first trimester, 90% the surviving fetuses survived at the second 
trimester, and 95% of the remaining fetuses resulted in live births. At baseline, we simulated ~70% 
of all conceptions were born alive among those unexposed to the trimester specific exposures (E1-
E3) and those without the risk factor U present. We assumed the prevalence of each trimester-
specific exposure to be 25% in scenario 1 and increase at second and third trimesters due to the 
dependence of the exposure variables in scenario 2. A range of priors was assigned to the effect 
size of the associations between U and the outcome (ORU-D), U and timing-specific selections 
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(ORU-S1, ORU-S2, ORU-S3), and trimester specific exposures and fetal survival (ORE1-S1, ORE2-S2, 
ORE3-S3). The disease prevalence was kept under 10% for the odds ratios to approximate relative 
incidence risk ratios in cohort studies. Tables 1 and 2 provide details of these priors and formula 
used to simulate these variables.  
We assumed that each trimester exposures do not cause the outcome in both scenarios and 
conducted logistic regression analysis in each simulated dataset under different sets of priors to 
estimate the odds ratios for each timing exposures on the outcome, conditioning on live births only 
(S3=1), and evaluated how estimates deviated from the true effect for each exposure variable 
which was assumed to be null (OR=1.0).  We computed 95% simulation intervals (SI), using 2.5, 
50, and 97.5 percentiles, following 100 replications, for each simulation. For each dataset, we 
conducted two models: in model A each trimester-specific exposure variable was analyzed 
separately while in model B all three exposure variables were assessed simultaneously.  
In sensitivity analyses, we tested the effect estimates when the strength of the associations 
between exposures and selections at all trimesters decreased from early to later gestations in 
Scenario 2, e.g. we assumed that the first trimester exposure (E1) has a stronger effect on selection 
(ORE1-S1=0.15, 0.25), and the effect size gradually attenuated for exposure in the second trimester 













Table 1. Priors for the simulations  
 
Variable a  Abbreviation Prevalence Specified relation (ORs) 
between variables  
First trimester exposure E1 25% No causal determinant 
Second trimester exposure E2 25% No causal determinant when 
exposures are uncorrelated.  
 
When exposures are 
marginally dependent, OR(E1-
E2) = 8.0 to represent strong 
effects from prior to later 
exposures.  
Third trimester exposure E3 25% No causal determinant when 
exposures are uncorrelated.  
 
When exposures are 
marginally dependent, OR(E1-
E2) = 8.0 to represent strong 
effects from prior to later 
exposures. 
Fetal survival at 1st trimester  S1=1 85% of all 
conceptions 
ORE1-S1 = 0.70, 0.50, 0.30 or 
0.10 in primary analysis 
 
ORE1-S1 = 0.15 or 0.25 in 
sensitivity analysis of 
scenario 2 
Fetal survival at 2nd trimester  S2=1 90% of 
surviving 
fetuses 
ORE2-S2 = 0.70, 0.50, 0.30 or 
0.10 in primary analysis 
 
ORE2-S2 = 0.50 or 0.70 in 
sensitivity analysis of 
scenario 2 
Fetal survival at 3rd trimester  S3=1 95% of 
surviving 
fetuses 
ORE3-S3 = 0.70, 0.50, 0.30, or 
0.10 in primary analysis 
 
ORE3-S3 = 0.80 or 1.00 in 
sensitivity analysis of 
scenario 2 
Unknown and unmeasured 
risk factors 
U 20% or 40% ORU-S1 = ORU-S2 = ORU-S3 = 
0.20  
Disease outcome D 2 % - 8% ORD-U = 2.0, 5.0 or 10.0  
a All variables were generated as binary variables (1 = yes, 0 = no) 
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Table 2. Formula for the simulated binary variables in scenarios 1 and 2 
 
Variable a Scenario 1 Scenario 2 
U U~B (1, 0.40) U~B (1, 0.40) 
D • D~B (1, (1/ (1 + exp(-log(P(D1 
= 1)/(1 – P(D1 = 1)) + log(ORD-
U)*U)))) 
 
• D~B (1, (1/ (1 + exp(-log(P(D1 
= 1)/(1 – P(D1 = 1)) + log(ORD-
U)*U)))) 
 
E1 • E1~B (1, 0.25) 








S1 • S1~B (1, (1 / (1 + exp(-log(P(S1 = 1)/(1 – P(S1 = 1)) + log(ORE1-S1)*E1 + 
log(ORU-S1)*U)))) 
 
S2 • S2~B (1, (1 / (1 + exp(-log(P(S2 = 1)/(1 – P(S2 = 1)) + log(ORE2-S2)*E1 + 
log(ORU-S2)*U)))) | S1 = 1 
 
S3 • S3~B (1, (1 / (1 + exp(-log(P(S3 = 1)/(1 – P(S3 = 1)) + log(ORE3-S3)*E1 + 
log(ORU-S3)*U)))) | S2 = 1 
 














In the first scenario where we assumed trimester specific exposures were marginally 
independent, a “protective” effect of each trimester-specific exposure on the outcome was 
observed among live births (S3=1) when the true causal effect is null. For each simulated dataset, 
the strength of these inverse associations observed were stronger in early trimester and they 
became slightly weaker or closer to null in later trimesters. The biased effect sizes became larger 
when the effect of exposures on selections and/or the effect size of the association between U and 
the outcome (ORU-D) increased. The largest biased effect estimates observed were ORE1-D = 0.71, 
ORE2-D = 0.71, ORE3-D = 0.74 in model A that analyzed each exposure variable separately, and the 
results were nearly identical between models A and B.  These biased effect estimates moved closer 
to the null when the strength of association between U and selections decreased from 0.20 to 0.50 
or when the prevalence of U decreased from 40% to 20% (Tables S1 and S2, Supplemental).  
When exposures were marginally dependent in scenario 2, the observed effect size between 
the exposure and the outcome were even more biased away from the null compared to their 
counterparts in scenario 1 (Table 3). With strong associations between preceding exposures and 
the following exposures during pregnancy (ORE1-E2 = ORE2-E3 = 8.0), the largest observed biased 
effect estimates were ORE1-D = 0.63, ORE2-D = 0.61, ORE3-D = 0.68 in model A. The bias size of 
the estimates in model A also decreased when the strength of the associations between the exposure 
decreased, e.g. ORE1-E2 = ORE2-E3 = 1.50 (Table S3, Supplemental). 
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Table 3. Odds ratios and 95% simulation intervals a of the associations observed between the trimester specific exposures (E1-
E3) on the outcome (D) in scenario 1, conditioning on live-birth cohort (S3=1) status when exposures are marginally 
independent and the true causal effects of all exposure variables and the outcome are null (OR=1.0) 
 
  ORE1-S1 = ORE2-S2 = ORE3-S3 =  
 ORU-D 0.70 0.50 0.30 0.10 
  Model A Model B Model A Model B Model A Model B Model A Model B 
E1 2 0.98 
(0.96 – 0.99) 
0.98 
(0.96 – 0.99) 
0.96 
(0.95 – 0.98) 
0.96 
(0.95 – 0.98) 
0.94 
(0.93 – 0.95) 
0.94 
(0.93 – 0.96) 
0.93 
(0.91 – 0.95) 
0.93 
(0.91 – 0.95) 
E2 0.99 
(0.98 – 1.00) 
0.99 
(0.98 – 1.00) 
0.98 
(0.96 – 0.99) 
0.98 
(0.96 – 0.99) 
0.96 
(0.94 – 0.98) 
0.96 
(0.94 – 0.98) 
0.93 
(0.91 – 0.94) 
0.93 
(0.91 – 0.95) 
E3 1.01 
(1.00 – 1.02) 
1.01 
(1.00 – 1.02) 
1.00 
(0.98 – 1.01) 
1.00 
(0.98 – 1.01) 
0.97 
(0.96 – 0.99) 
0.97 
(0.96 – 0.99) 
0.94 
(0.93 – 0.96) 
0.94 
(0.93 – 0.96) 
E1 5 0.96 
(0.95 – 0.97) 
0.96 
(0.95 – 0.97) 
0.92 
(0.91 – 0.93) 
0.92 
(0.91 – 0.93) 
0.86 
(0.85 – 0.87) 
0.86 
(0.85 – 0.87) 
0.80 
(0.79 – 0.82) 
0.81 
(0.79 – 0.82) 
E2 0.96 
(0.95 – 0.97) 
0.96 
(0.95 – 0.97) 
0.93 
(0.91 – 0.94) 
0.93 
(0.92 – 0.94) 
0.88 
(0.87 – 0.89) 
0.88 
(0.87 – 0.90) 
0.80 
(0.79 – 0.82) 
0.80 
(0.79 – 0.82) 
E3 0.99 
(0.98 – 1.00) 
0.99 
(0.98 – 1.00) 
0.96 
(0.95 – 0.98) 
0.96 
(0.95 – 0.98) 
0.91 
(0.90 – 0.93) 
0.91 
(0.91 – 0.93) 
0.83 
(0.81 – 0.84) 
0.83 
(0.82 – 0.84) 
E1 10 0.94 
(0.93 – 0.95) 
0.94 
(0.93 – 0.95) 
0.89 
(0.88 – 0.90) 
0.89 
(0.88 – 0.90) 
0.80 
(0.79 – 0.81) 
0.80 
(0.79 – 0.81) 
0.71 
(0.70 – 0.72) 
0.71 
(0.70 – 0.72) 
E2 0.95 
(0.94 – 0.96) 
0.95 
(0.94 – 0.96) 
0.90 
(0.89 – 0.91) 
0.90 
(0.89 – 0.91) 
0.83 
(0.82 – 0.84) 
0.83 
(0.82 – 0.84) 
0.71 
(0.70 – 0.72) 
0.71 
(0.70 – 0.72) 
E3 0.98 
(0.97 – 0.99) 
0.98 
(0.97 – 0.99) 
0.94 
(0.93 – 0.95) 
0.94 
(0.93 – 0.95) 
0.87 
(0.87 – 0.88) 
0.87 
(0.86 – 0.88) 
0.74 
(0.74 – 0.76) 
0.75 
(0.74 – 0.76) 
aLogistic regression models were used to estimate each of the binary trimester specific exposure effect (E1-E3) on a binary outcome 
(D). Model A included each trimester exposure effect separately while model B included all three trimester exposure variables 
simultaneously. All models assumed ORU-S1 = ORU-S2 = ORU-S3 = 0.20, and the prevalence of U = 40%.
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Table 4. Odds ratios and 95% simulation intervals a of the associations observed between the trimester specific exposures (E1-
E3) on the outcome (D) in scenario 2, conditioning on live-birth cohort (S3=1) status when exposures are marginally dependent 
and the true causal effects of all exposure variables and the outcome are null (OR=1.0), given strong associations between 
trimester specific exposures (ORE1-E2 = ORE2-E3 = 8.00) 
 
  ORE1-S1 = ORE2-S2 = ORE3-S3 =  
 ORU-D 0.70 0.50 0.30 0.10 
  Model A Model B Model A Model B Model A Model B Model A Model B 
E1 2 0.97 
(0.95 – 0.98) 
0.97 
(0.96 – 0.99) 
0.95 
(0.93 – 0.96) 
0.96 
(0.95 – 0.98) 
0.92 
(0.91 – 0.94) 
0.94 
(0.93 – 0.96) 
0.92 
(0.89 – 0.94) 
0.95 
(0.92 – 0.98) 
E2 0.98 
(0.97 – 0.99) 
0.99 
(0.97 – 1.00) 
0.96 
(0.94 – 0.97) 
0.98 
(0.96 – 0.99) 
0.93 
(0.91 – 0.94) 
0.96 
(0.94 – 0.98) 
0.91 
(0.89 – 0.92) 
0.94 
(0.92 – 0.96) 
E3 0.99 
(0.98 – 1.00) 
1.01 
(0.99 – 1.02) 
0.98 
(0.96 – 0.99) 
0.99 
(0.98 – 1.01) 
0.95 
(0.93 – 0.96) 
0.97 
(0.95 – 0.99) 
0.93 
(0.91 – 0.94) 
0.95 
(0.93 – 0.97) 
E1 5 0.94 
(0.92 – 0.95) 
0.96 
(0.94 – 0.97) 
0.88 
(0.87 – 0.89) 
0.92 
(0.91 – 0.93) 
0.81 
(0.79 – 0.82) 
0.86 
(0.86 – 0.88) 
0.75 
(0.73 – 0.77) 
0.84 
(0.82 – 0.86) 
E2 0.94 
(0.93 – 0.95) 
0.96 
(0.95 – 0.97) 
0.89 
(0.88 – 0.90) 
0.93 
(0.92 – 0.95) 
0.82 
(0.81 – 0.83) 
0.89 
(0.88 – 0.91) 
0.73 
(0.72 – 0.75) 
0.83 
(0.81 – 0.85) 
E3 0.97 
(0.96 – 0.97) 
0.99 
(0.98 – 1.00) 
0.92 
(0.91 – 0.93) 
0.97 
(0.95 – 0.95) 
0.86 
(0.85 – 0.87) 
0.92 
(0.91 – 0.93) 
0.78 
(0.77 – 0.79) 
0.83 
(0.82 – 0.85) 
E1 10 0.91 
(0.90 – 0.92) 
0.94 
(0.93 – 0.95) 
0.83 
(0.82 – 0.84) 
0.89 
(0.87 – 0.90) 
0.72 
(0.72 – 0.74) 
0.81 
(0.80 – 0.83) 
0.63 
(0.61 – 0.64) 
0.74 
(0.72 – 0.76) 
E2 0.92 
(0.92 – 0.93) 
0.95 
(0.94 – 0.96) 
0.84 
(0.84 – 0.85) 
0.91 
(0.90 – 0.92) 
0.73 
(0.73 – 0.75) 
0.83 
(0.83 – 0.85) 
0.61 
(0.60 – 0.62) 
0.74 
(0.73 – 0.75) 
E3 0.95 
(0.94 – 0.95) 
0.98 
(0.97 – 0.99) 
0.89 
(0.88 – 0.89) 
0.94 
(0.93 – 0.95) 
0.79 
(0.79 – 0.80) 
0.87 
(0.86 – 0.88) 
0.68 
(0.67 – 0.69) 
0.75 
(0.74 – 0.76) 
aLogistic regression models were used to examine each of the binary trimester specific exposure effect (E1-E3) on a binary outcome 
(D). Model A included each trimester exposure effect separately while model B included all three trimester exposure variables 






Figure 4. Observed OR between first trimester prenatal exposure (E1) and child outcome (D) in 
simulation of scenario 2 that assumed exposures to be marginally dependent. Model A included 
each trimester exposure effect separately while model B included all three trimester exposure 
variables simultaneously. All models assumed ORU-S1 = ORU-S2 = ORU-S3 = 0.20, ORE1-E2 = 
ORE2-E3 = 8.00 and the prevalence of U = 40% 
 
 
Figure 5. Observed OR between second trimester prenatal exposure (E2) and child outcome (D) 
in simulation of scenario 2 that assumed exposures to be marginally dependent. Model A included 
each trimester exposure effect separately while model B included all three trimester exposure 
variables simultaneously. All models assumed ORU-S1 = ORU-S2 = ORU-S3 = 0.20, ORE1-E2 = ORE2-




Figure 6. Observed OR between third trimester prenatal exposure (E3) and child outcome (D) in 
simulation of scenario 2 that assumed exposures to be marginally dependent. Model A included 
each trimester exposure effect separately while model B included all three trimester exposure 
variables simultaneously. All models assumed ORU-S1 = ORU-S2 = ORU-S3 = 0.20, ORE1-E2 = ORE2-
E3 = 8.00 and the prevalence of U = 40%. 
 
The estimates moved notably closer to the null (OR=1.00) when the U-D association (ORU-D) and 
the exposure-selection associations (ORE1-S1, ORE2-S2, ORE3-S3) decreased in strength (Figures 4 – 
6). When we mutually adjusted for all three exposure variables simultaneously in model B in 
scenario 2, the bias sizes decreased substantially, and the effect estimates moved closer towards 
the null (Figures 4 – 6).  However, the estimates from both models were almost identical in 







 In sensitivity analyses that assumed the effect of exposures on selections to be weakened 
from early to late gestations, the bias size was the strongest in the first-trimester pregnancy 
exposure variable and the weakest in the third-trimester pregnancy exposure variable (Table 6).  
When the association between E3 and S3 was null (ORE3-S3), the estimate of E3 effect on D was 
no longer biased in model B.  
 
Table 5. Effect estimates of trimester specific exposures in scenario 2 at varying strengtha, 
conditioning on live-birth cohort (S3=1) status when none of the exposures cause the 
outcome (true OR=1.0)b  
 
 ORU-D ORE1-S1 = 0.15, ORE2-S2 = 0.50,  
ORE3-S3 = 0.80 
ORE1-S1 = 0.25, ORE2-S2 = 0.70,  
ORE3-S3 = 1.00 










E1 2 0.90 
(0.89 – 0.92) 
0.91 
(0.90 – 0.93) 
0.92 
(0.91 – 0.94) 
0.93 
(0.92 – 0.95) 
E2 0.95 
(0.93 – 0.96) 
0.97 
(0.96 – 0.99) 
0.96 
(0.95 – 0.98) 
0.98 
(0.97 – 1.00) 
E3 0.98 
(0.97 – 1.00) 
1.01 
(0.99 – 1.02) 
0.99 
(0.98 – 1.00) 
1.01 
(1.00 – 1.02) 
E1 5 0.78 
(0.77 – 0.79) 
0.81 
(0.79 – 0.82) 
0.83 
(0.81 – 0.84) 
0.84 
(0.83 – 0.85) 
E2 0.88 
(0.87 – 0.89) 
0.93 
(0.92 – 0.95) 
0.92 
(0.91 – 0.93) 
0.96 
(0.95 – 0.98) 
E3 0.94 
(0.93 – 0.95) 
0.99 
(0.98 – 1.00) 
0.97 
(0.96 – 0.98) 
1.01 
(1.00 – 1.02) 
E1 10 0.69 
(0.68 – 0.70) 
0.73 
(0.71 – 0.74) 
0.76 
(0.75 – 0.77) 
0.78 
(0.77 – 0.79) 
E2 0.83 
(0.83 – 0.84) 
0.91 
(0.89 – 0.92) 
0.89 
(0.88 – 0.89) 
0.95 
(0.94 – 0.96) 
E3 0.92 
(0.91 – 0.93) 
0.99 
(0.98 – 1.00) 
0.96 
(0.95 – 0.96) 
1.01 
(1.00 – 1.02) 
a The simulations assume strongest effect of exposure on selection at first trimester and weakest 
at third trimester. 
b Results are rounded to 2 decimal places. Logistic regression models were used to examine 
individual effects of trimester specific exposures. When adjusted mutually, all three effects are 
included in a model. All models assumed ORE1-E2 = ORE2-E3 = 8.0, ORU-S1 = ORU-S2 = ORU-S3 = 




In perinatal epidemiological research aiming to estimate a prenatal exposure effect on child 
health, studies inevitably restrict their samples to include only live born children if these health 
outcomes (e.g. asthma, autism spectrum disorders, etc.) are unmeasurable or unidentifiable in 
utero, thus resulting in biased estimates of exposure effect on outcome risk. Restricting the sample 
to only live born children is a form of conditioning the analytical data to a specific subset of 
subjects in the surviving cohort. Concerns were recently raised that this common analytical 
practice of excluding non-surviving fetuses in analyses when studying the effects of pregnancy 
exposures on long term child outcome. This form of bias has been term “live birth bias” and 
illustrated in a few examples. Several simulation studies found a protective relationship between 
smoking and preeclampsia when smoking was assumed to cause pregnancy loss, assuming a true 
null association between smoking and preeclampsia. The bias size strengthened when the effect of 
smoking on early pregnancy loss was stronger.7,30,31 Another simulation study found a downward 
bias in the association between antidepressant use during pregnancy and preeclampsia when 
analyses conditioned on live born children, and the strength of the relationship between 
antidepressant use and stillbirth had a substantial impact on the bias.6 However, previous 
simulations did not evaluate how live birth bias might impact the estimation of exposure effect on 
offspring health outcome at different times during pregnancy. Our study provided the first 
simulation of time-specific exposure effect on child disease risk during pregnancy when the study 
sample is restricted to only live born children. We also illustrated how the bias sizes changed in 
scenarios where exposures were assumed to be marginally independent and dependent, and how 
they changed based on how strongly prenatal exposures affected fetal survival at three trimesters.   
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Various types of selection bias in epidemiological research can be summarized using a 
structural approach in which they can be seen as a form of collider bias in DAGs.20 Regardless 
whether the crude association between exposure and outcome is null, conditioning on the common 
effect of the exposure and outcome of interest (a collider) will induce a biased association between 
them. In general, the biased effect occurs when one of the strata of the collider is conditioned on, 
and that collider variable is caused directly either by the exposure or outcome themselves or 
directly by the cause of the exposure and the cause of the outcome. Similarly, live birth bias arises 
when analyses condition on the live birth status stratum of fetal survival (fetal survival = 1), a 
collider caused by the exposure itself as well as other unmeasured common risk factors, termed U, 
that are also known to cause the outcome.   
 This study’s findings confirmed the downward bias shown in previous studies that 
estimated the effect of harmful exposures during pregnancy on child outcomes among live born 
children. Specifically, our results confirmed previous findings showing that how bias sizes 
increased when the effect of exposure on fetal survival at a particular trimester was stronger and 
when the effect of unknown or unmeasured risk factors (U) on fetal survival and child disease 
outcome became stronger.  The prevalence of U was also found to have considerable impact on 
the bias size. When accounting for time-specific exposures effects, the bias sizes in model A and 
B were almost identical when exposures were marginally independent (scenario 1).  However, 
when these exposures were marginally dependent (scenario 2), we observed larger bias sizes in 
model A compared to model B.  Such difference is due to the fact that scenario 2 has more open 
biasing paths as a result of the dependence between the exposure variables. Mutual adjustment of 
all three trimester specific exposures (model B) in scenario 2, therefore, reduced the bias induced 
through the paths via E1 and E2, e.g. S1ßE1àE2 and S2ßE2àE3.  
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Regardless of whether the exposure variables were marginally independent (scenario 1) or 
dependent (scenario 2), there was a slight decreasing trend in bias size from exposure occurs in 
early gestation to later, assuming the strength for the exposure effect on the selection at each time 
was the same. One explanation for this trend could be that the simulated the proportions of fetal 
loss were higher in early period and gradually decreased in late gestation, reflecting the reality of 
pregnancy loss. Our sensitivity analyses of scenario 2 further demonstrated that as the effects of 
exposure on fetal survival decreased in later gestation, the bias size became weaker over time.  
The sensitivity analyses of scenario 2 also showed that one of the key biased paths between 
each trimester exposure and the outcome is one that goes through the fetal selection variable at 
that trimester (S1=1, S2=1, S3=1). When third trimester exposure had no effect on live birth status 
(ORE3-S3 = 1.00), all three trimester exposure estimates were biased in model A, but only the third 
trimester exposure (E3) estimate was not biased in model B (Table 5). When analyses conditioned 
on S3=1, the collider paths through S1=1 and S2=1 were also opened, thus inducing the bias at E1 
and E2. Since exposures were marginally dependent, E3 was biased due to the paths through E1 
and E2 in model A. When these paths were blocked due to mutual adjustment in model B, the 
remaining biased path from E3 was one that went through S3=1. Since E3 had no effect on S3 (e.g. 
ORE3-S3 = 1.00), model B removed all bias at E3, assuming no presence of any other risk factors 
of E3.  
 Another key component of this bias structure is the group of common risk factors of fetal 
survival and outcome (U). Previous studies have suggested that when U were known or measured, 
adjusting for them would decrease the magnitude of bias.1 For diseases or outcomes with 
multifactorial etiologies, the amount of unmeasured or unknown risk factors U can become 
extensive such that measuring and adjusting for these factors is infeasible to completely remove 
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live birth bias in studies of prenatal exposure effects on child outcome, conditioning on live births. 
Other analytic methods used to address this bias include inverse probability weighting and bias 
analysis using relative odds ratio. Details of these methods and their limitations have been 
described elsewhere.32  
This study has a number of limitations. The scenarios assumed all subjects were recruited 
at conception and the timing selection we considered was limited in terms of pregnancy loss or 
fetal survival.  In reality, women might be recruited into a pregnancy cohort study at multiple time-
points with varying gestational ages of entry and pregnancy cohort studies are vulnerable to 
participant dropout due to reasons other than pregnancy loss. Our simulations only accounted for 
fetal loss during first trimester but did not consider the influence of pre-conceptional exposure on 
fertility. Moreover, we only tested a limited set of scenarios and limited ranges of parameters, 
using only binary variables and no interactions. We did not account for other types of errors, such 
as confounding and measurement errors. Our scenarios assumed each of the timing specific 
exposures had a direct effect on fetal survival at the time, but it is possible for each of them to 
directly affect fetal survival at later gestations. Lastly, we only considered time invariant 
unmeasured common causes (U) of fetal death and the outcome, excluding those that may be time-
varying such as maternal BMI or blood pressure during pregnancy.  Future simulation studies may 
consider scenarios that include other confounding variables affecting both exposures and the 
outcome, or common causes of the exposures and fetal survival. Continuous exposure variables 
that may be more reflective of the level of exposures to certain environmental exposures in the 
human body can also be explored in future simulations.  
Our simulation findings have implications for perinatal epidemiologic studies aiming to 
assess timing-specific exposure effects on child disease risk. Many common prenatal exposures 
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have been found to persist during pregnancy such as smoking and PFAS exposure. Findings from 
the DNBC shows that of the women who reported ever smoking during pregnancy, only 9.5% 
quitted smoking during the first trimester and 2.3% quitted at the beginning of the second 
trimester.27 Another analysis of the DNBC data also shows a high degree of correlation for PFAS 
levels between first and second trimesters (r = 0.87 for PFOS and 0.88 for PFOA). 28 Our 
simulation study shows that mutually adjusting for such time-specific exposure measures in one 
model could potentially help to mitigate live birth bias. However, multicollinearity would be a 
serious concern for such co-adjustment for highly correlated exposure data especially when the 
study sample size is small. Our study also highlights the need for improving our understanding of 
analytic methods to adjust for live birth bias. Since the size and magnitude of bias may vary in 
scenarios accounting for time-specific exposures and time-specific selections, bias adjustment 
methods need to consider these differences. Lastly, quantitative bias analysis for other type of 
effect measures, e.g. mean or risk difference for continuous or binary outcome should also be 
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Figure S1: DAG illustrations of confounding and collider bias when X and Y are not causally related and are marginally 
independent. 1) There is an open backdoor confounding path through C. 2) Conditioning on C blocks the backdoor path and 
removes the confounding. 3) X and Y are causal determinants of S, termed a collider, that blocks the path from X to Y when 



















Table S1. Odds ratios and 95% simulation intervalsa of the associations observed between the trimester specific exposures (E1-
E3) on the outcome (D) in scenario 1, conditioning on live-birth cohort (S3=1) status when these exposures are marginally 
independent and the causal effects of all exposure variables and the outcome are null (OR=1.0), given weaker effect of U on 
trimester specific fetal survival (ORU-S1 = ORU-S2 = ORU-S3 = 0.50) 
 
  ORE1-S1 = ORE2-S2 = ORE3-S3 =  
 ORU-D 0.70 0.50 0.30 0.10 




























E1 2 0.99 
(0.98 – 1.00) 
0.99 
(0.98 – 1.00) 
0.97 
(0.96 – 0.99) 
0.97 
(0.96 – 0.99) 
0.97 
(0.96 – 0.98) 
0.97 
(0.96 – 0.98) 
0.95 
(0.93 – 0.97) 
0.95 
(0.93 – 0.97) 
E2 1.00 
(0.99 – 1.01) 
1.00 
(0.99 – 1.01) 
0.99 
(0.98 – 1.01) 
0.99 
(0.98 – 1.01) 
0.97 
(0.96 – 0.98) 
0.97 
(0.96 – 0.98) 
0.95 
(0.93 – 0.96) 
0.95 
(0.93 – 0.96) 
E3 1.01 
(0.99 – 1.02) 
1.01 
(0.99 – 1.02) 
1.00 
(0.99 – 1.01) 
1.00 
(0.99 – 1.01) 
0.99 
(0.98 – 1.01) 
0.99 
(0.98 – 1.01) 
0.97 
(0.95 – 0.98) 
0.97 
(0.95 – 0.98) 
E1 5 0.98 
(0.97 – 0.99) 
0.98 
(0.97 – 0.99) 
0.96 
(0.95 – 0.97) 
0.96 
(0.95 – 0.97) 
0.94 
(0.92 – 0.95) 
0.94 
(0.92 – 0.95) 
0.88 
(0.86 – 0.89) 
0.88 
(0.86 – 0.89) 
E2 0.98 
(0.98 – 0.99) 
0.98 
(0.97 – 0.99) 
0.97 
(0.96 – 0.98) 
0.97 
(0.96 – 0.98) 
0.94 
(0.93 – 0.95) 
0.94 
(0.93 – 0.95) 
0.88 
(0.97 – 0.89) 
0.88 
(0.87 – 0.89) 
E3 1.00 
(0.99 – 1.01) 
1.00 
(0.99 – 1.01) 
0.99 
(0.98 – 1.00) 
0.99 
(0.98 – 1.00) 
0.98 
(0.97 – 0.99) 
0.98 
(0.97 – 0.99) 
0.91 
(0.90 – 0.92) 
0.91 
(0.90 – 0.92) 
E1 10 0.98 
(0.97 – 0.98) 
0.98 
(0.97 – 0.98) 
0.95 
(0.94 – 0.96) 
0.95 
(0.94 – 0.96) 
0.91 
(0.90 – 0.92) 
0.91 
(0.90 – 0.92) 
0.83 
(0.82 – 0.84) 
0.83 
(0.82 – 0.84) 
E2 0.98 
(0.98 – 0.99) 
0.98) 
(0.98 – 0.99 
0.96 
(0.96 – 0.97) 
0.96 
(0.96 – 0.97) 
0.92 
(0.92 – 0.93) 
0.92 
(0.92 – 0.93) 
0.84 
(0.84 – 0.85) 
0.84 
(0.84 – 0.85) 
E3 1.00 
(0.99 – 1.01) 
1.00 
(0.99 – 1.01) 
0.99 
(0.98 – 0.99) 
0.98 
(0.98 – 0.99) 
0.96 
(0.95 – 0.97) 
0.96 
(0.95 – 0.97) 
0.88 
(0.87 – 0.89) 
0.88 
(0.87 – 0.89) 
aLogistic regression models were used to estimate each of the binary trimester specific exposure effect (E1-E3) on a binary outcome 
(D). Model A included each trimester exposure effect separately, while model B included all three trimester exposure variables 
simultaneously. All models assumed ORU-S1 = ORU-S2 = ORU-S3 = 0.20, and the prevalence of U = 40%
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Table S2. Odds ratios and 95% simulation intervalsa of the associations observed between the trimester specific exposures (E1-
E3) on the outcome (D) in scenario 1, conditioning on live-birth cohort (S3=1) status when these exposures are marginally 
independent and the causal effects of all exposure variables and the outcome are null (OR=1.0), with Pre(U=1) = 20%  
 
  ORE1-S1 = ORE2-S2 = ORE3-S3 =  
 ORU-D 0.70 0.50 0.30 0.10 




























E1 2 0.98 
(0.96 – 0.99) 
0.98 
(0.96 – 0.99) 
0.97 
(0.96 – 0.98) 
0.97 
(0.96 – 0.98) 
0.96 
(0.94 – 0.97) 
0.96 
(0.94 – 0.97) 
0.97 
(0.95 – 0.99) 
0.97 
(0.95 – 0.99) 
E2 0.90 
(0.98 – 1.00) 
0.99 
(0.98 – 1.00) 
0.98 
(0.97 – 1.00) 
0.98 
(0.97 – 1.00) 
0.97 
(0.96 – 0.98) 
0.97 
(0.96 – 0.98) 
0.96 
(0.95 – 0.98) 
0.96 
(0.95 – 0.98) 
E3 1.00 
(0.99 – 1.01) 
1.00 
(0.99 – 1.01) 
1.00 
(0.98 – 1.01) 
1.00 
(0.98 – 1.01) 
0.99 
(0.98 – 1.00) 
0.99 
(0.98 – 1.00) 
0.98 
(0.96 – 0.99) 
0.98 
(0.96 – 0.99) 
E1 5 0.97 
(0.95 – 0.98) 
0.97 
(0.95 – 0.98) 
0.94 
(0.93 – 0.95) 
0.94 
(0.93 – 0.96) 
0.91 
(0.90 – 0.92) 
0.91 
(0.90 – 0.92) 
0.89 
(0.87 – 0.91) 
0.89 
(0.87 – 0.91) 
E2 0.97 
(0.96 – 0.98) 
0.97 
(0.96 – 0.98) 
0.96 
(0.94 – 0.97) 
0.96 
(0.94 – 0.97) 
0.93 
(0.91 – 0.94) 
0.93 
(0.92 – 0.94) 
0.89 
(0.87 – 0.90) 
0.89 
(0.87 – 0.91) 
E3 0.99 
(0.99 – 1.00) 
0.99 
(0.98 – 1.00) 
0.98 
(0.96 – 0.99) 
0.98 
(0.96 – 0.99) 
0.96 
(0.94 – 0.97) 
0.96 
(0.94 – 0.97) 
0.90 
(0.89 – 0.92) 
0.90 
(0.89 – 0.92) 
E1 10 0.95 
(0.94 – 0.96) 
0.95 
(0.94 – 0.96) 
0.91 
(0.90 – 0.92) 
0.91 
(0.90 – 0.92) 
0.85 
(0.85 – 0.87) 
0.85 
(0.85 – 0.87) 
0.81 
(0.80 – 0.83) 
0.81 
(0.80 – 0.83) 
E2 0.96 
(0.95 – 0.97) 
0.96 
(0.95 – 0.97) 
0.92 
(0.92 – 0.94) 
0.93 
(0.92 – 0.94) 
0.88 
(0.87 – 0.89) 
0.88 
(0.87 – 0.89) 
0.81 
(0.79 – 0.82) 
0.81 
(0.79 – 0.82) 
E3 0.99 
(0.98 – 1.00) 
0.99 
(0.98 – 1.00) 
0.96 
(0.95 – 0.97) 
0.96 
(0.95 – 0.97) 
0.92 
(0.91 – 0.94) 
0.92 
(0.91 – 0.94) 
0.83 
(0.82 – 0.84) 
0.83 
(0.82 – 0.85) 
aLogistic regression models were used to estimate each of the binary trimester specific exposure effect (E1-E3) on a binary outcome 
(D). Model A included each trimester exposure effect separately, while model B included all three trimester exposure variables 
simultaneously. All models assumed ORU-S1 = ORU-S2 = ORU-S3 = 0.20
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Table S3. Odds ratios and 95% simulation intervalsa of the associations observed between the trimester specific exposures (E1-
E3) on the outcome (D) in scenario 2, conditioning on live-birth cohort (S3=1) status when exposures are marginally dependent 
and the true causal effects of all exposure variables and the outcome are null (OR=1.0), given weak associations between 
trimester specific exposures (ORE1-E2 = ORE2-E3 = 1.50) 
 
  ORE1-S1 = ORE2-S2 = ORE3-S3 =  
 ORU-D 0.70 0.50 0.30 0.10 




























E1 2 0.97 
(0.96 – 0.99) 
0.98 
(0.96 – 0.99) 
0.96 
(0.95 – 0.98) 
0.96 
(0.95 – 0.98) 
0.94 
(0.92 – 0.95) 
0.94 
(0.92 – 0.96) 
0.93 
(0.91 – 0.95) 
0.93 
(0.91 – 0.96) 
E2 0.98 
(0.97 – 1.00) 
0.99 
(0.97 – 1.00) 
0.97 
(0.96 – 0.99) 
0.98 
(0.98 – 0.99) 
0.95 
(0.93 – 0.97) 
0.96 
(0.94 – 0.97) 
0.92 
(0.91 – 0.94) 
0.93 
(0.91 – 0.95) 
E3 1.01 
(1.00 – 1.02) 
1.01 
(1.00 – 1.02) 
0.99 
(0.98 – 1.01) 
0.99 
(0.98 – 1.01) 
0.97 
(0.95 – 0.98) 
0.97 
(0.96 – 0.99) 
0.94 
(0.92 – 0.95) 
0.94 
(0.93 – 0.96) 
E1 5 0.95 
(0.94 – 0.96) 
0.96 
(0.95 – 0.97) 
0.91 
(0.90 – 0.92) 
0.92 
(0.91 – 0.93) 
0.85 
(0.84 – 0.87) 
0.86 
(0.85 – 0.87) 
0.80 
(0.78 – 0.82) 
0.81 
(0.79 – 0.83) 
E2 0.96 
(0.95 – 0.97) 
0.96 
(0.95 – 0.97) 
0.92 
(0.91 – 0.94) 
0.93 
(0.92 – 0.95) 
0.87 
(0.86 – 0.88) 
0.88 
(0.87 – 0.90) 
0.79 
(0.78 – 0.81) 
0.81 
(0.80 – 0.82) 
E3 0.99 
(0.98 – 1.00) 
0.99 
(0.98 – 1.00) 
0.96 
(0.95 – 0.97) 
0.96 
(0.95 – 0.98) 
0.91 
(0.90 – 0.92) 
0.92 
(0.90 – 0.93) 
0.82 
(0.81 – 0.83) 
0.83 
(0.82 – 0.84) 
E1 10 0.93 
(0.93 – 0.94) 
0.94 
(0.93 – 0.95) 
0.89 
(0.87 – 0.89) 
0.89 
(0.88 – 0.90) 
0.79 
(0.78 – 0.80) 
0.80 
(0.79 – 0.81) 
0.70 
(0.68 – 0.71) 
0.71 
(0.70 – 0.73) 
E2 0.94 
(0.94 – 0.95) 
0.95 
(0.94 – 0.96) 
0.89 
(0.88 – 0.90) 
0.91 
(0.90 – 0.92) 
0.81 
(0.80 – 0.82) 
0.83 
(0.82 – 0.84) 
0.69 
(0.68 – 0.70) 
0.72 
(0.70 – 0.73) 
E3 0.98 
(0.97 – 0.99) 
0.98 
(0.97 – 0.99) 
0.93 
(0.92 – 0.94) 
0.94 
(0.93 – 0.95) 
0.86 
(0.85 – 0.87) 
0.87 
(0.87 – 0.88) 
0.74 
(0.73 – 0.74) 
0.75 
(0.74 – 0.76) 
aLogistic regression models were used to estimate each of the binary trimester specific exposure effect (E1-E3) on a binary outcome 
(D). Model A included each trimester exposure effect separately, while model B included all three trimester exposure variables 







Figure S2. Observed OR between first trimester prenatal exposure (E1) and child outcome (D) in 
simulation of scenario 1 that assumed exposures (E1-E3) to be marginally independent. Model A 
included each trimester exposure effect separately while model B included all three trimester 
exposure variables simultaneously. All models assumed ORU-S1 = ORU-S2 = ORU-S3 = 0.20, and the 




Figure S3. Observed OR between second trimester prenatal exposure (E2) and child outcome (D) 
in simulation of scenario 1 that assumed exposures (E1-E3) to be marginally independent. Model 
A included each trimester exposure effect separately while model B included all three trimester 
exposure variables simultaneously. All models assumed ORU-S1 = ORU-S2 = ORU-S3 = 0.20, and the 
prevalence of U = 40%.
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Figure S4. Observed OR between third trimester prenatal exposure (E3) and child outcome (D) in 
simulation of scenario 1 that assumed exposures (E1-E3) to be marginally independent. Model A 
included each trimester exposure effect separately while model B included all three trimester 
exposure variables simultaneously. All models assumed ORU-S1 = ORU-S2 = ORU-S3 = 0.20, and the 
prevalence of U = 40%. 
 
